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Abstract

In this paper we describe Language
Computer Corporations GISTEXTER

guestion-focusedndupdate-basethulti-

documensummarizatiofMDS) systems.
We shaw thatby usinga machinereading
(MR) framewnork in order to construct
representationsof the knowledge in-

ferable from a text collection, we were
able to createcoherentsetsof “update”
summariesthat were likely to contain
“new” information that could not be
inferred from ary previously considered
documentDetailsof ourDUC 2007Main

Tasksubmissiorareprovidedaswell.

1 Intr oduction

While current approachego the task of multi-
documentsummarizatiorhave led to the develop-
mentof systemswhich canreliably distill the con-
tent of a collection of documentsnto a coherent,
x ed-lengthrsummary(Blair-GoldensohrmandMcK-
eonn, 2006; Conrg et al., 2006; Lacatusuet al.,
2006),we believe thenext generatiorof summariza-
tion systems- suchasthe “update” summarization
systemsevaluatedaspartof DUC 2007— will need
to employ dedicatednechanismso ensurethatthe
contentof newly-generatedsummariess consistent
with (but not identicalto) the informationavailable
from the textual resourcegpreviously available to
the system. In DUC 2007, we hypothesizedhata
new type of naturallanguageunderstandin@gppli-
cation known asa MachineReading(MR) system

g@languageco mput er .c om

could be usedin orderto provide “update-based”
summarizatiorsystemswith robust modelsof the
knowledgeinferablefrom a setof documents.We
assumedhat by comparingthe contentof eachup-
dateagainstknowledgebaseqKB) compiledfrom
setsof documentghat had beenpreviously “read”
by the system,we could generatesummarieshat
weremorelikely to contain“new” informationthat
hadnot beenpreviously mentionedn norcouldbe
inferredfrom ary previously considereadlocument.

Following recentwork in MR (Etzioni et al.,
2006; Hickl and Harabagiu,2007), we developed
anMR systemwhichleveragedstate-of-the-ariech-
niquesfor recognizingforms of textual inference
including textual entailment(Hickl and Benslg,
2007;Hickl etal., 2006b)andtextual contradiction
(Harabagiuet al., 2006b) to constructrepresenta-
tions of the knowledgeencodedn atext collection.
In our system knowledgeis acquiredfrom texts by
recognizingall of theavailabletextual entailmente-
lationshipsfound betweerthe setof discoursecom-
mitmentsextractablefrom the setof sentenceson-
tainedin atext collection(i.e. thetext commitments
andthe setof commitmentsstoredin the systems
KnowledgeBase(KB). Oncea setof text commit-
mentshave beenextracted, we use a state-of-the-
art systemfor recognizingtextual entailment(RTE)
(Hickl and Benslegy, 2007; Hickl et al., 2006b)to
identify thetext commitmentghatareentailedby at
leastone commitmentstoredin the KB. Text com-
mitmentsthatarenot entailedby the currentKB are
usedto updatethe KB prior to eachnew round of
updates.
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Figurel: A MachineReading-BaseBframavork for UpdateSummarization.

Eachnew updatesummanryis generatedh thefol-
lowing way. After a setof topic-relezant sentences
hasbeenidenti ed, we useRTE to lter ary sum-
mary sentencewhich textually entailsat leastone
hypothesisin the currentKB. In orderto ensure
that sentenceshat include contrastinginformation
or correctionsf previouscommitmentsareincluded
in updatesummariesye usea systemfor recogniz-
ing textual contradictionHarabagitetal., 2006b)in
orderto identify ary summarysentencevhich tex-
tually contradictsat leastone hypothesisstoredin
theKB. Sentencewhich meetthesewo criteriaare
then compiledinto a coherentsummaryusing the
method rst describedn (Lacatusietal., 2006).

Therestof the paperis organizedn thefollowing
way. Section2 providesa detailedoverviev of the
multi-documentsummarizationrsystemsdeveloped
for the DUC 2007 Main andUpdatetasks. Section
3 discussesesultsirom theof cial DUC evaluation,
andSectior4 present®ur conclusions.

2 SystemDescription

In this section,we presentan overview of the sys-
tems we usedto generatemulti-documentsum-
mariesfor the DUC 2007 Main and UpdatePilot
Tasks.Thearchitecturef thesystemsve developed
is presentedh Figurel.

With GISTEXTER, question-focused multi-
documensummariegsuchasthoseevaluatedn the
DUC 2007 Main Task)aregeneratedn a four-step
processFirst, questionsaresubmittedo a Question
Processingmodule, which performssyntacticand

semanticquestiondecompositionof the comple
guestionscreatedfor each summarizationtopic.
Second, subquestionsdenti ed during Question
Processin@resentto a Sentenc&etrieval module,
which usestwo typesof sentenceetrieval engines
in order to identify the set of relevant sentences
which should be consideredfor inclusion in a
summary Next, sentenceare passedo a Sentence
Rankingmodule,which identi es the mostrespon-
sive and/ortopicalpassagegetrieved by the system.
Finally, the top-ranled sentenceare consideredy
a SummaryGeneation module, which organizes
passagesto coherentandresponsie text passage
which couldbereturnedo auser

The processof generatingupdate summaries
leveragesthe sameQuestionProcessing Sentence
Retrieval, and SentencdRankingmodulesusedby
thequestion-focusedummarizatiorsystem.Oncea
rankedlist of sentencebasbeenassembledhetop-
n mostrelevant sentencesre then sentto a Com-
mitmentExtraction module,which usesa seriesof
heuristicqsimilarto thoseusedin (Hickl andBens-
ley, 2007))in orderto extract a subsetof the dis-
coursecommitmentsnferablefrom atext passage.

Thesediscoursecommitmentsare then sent si-
multaneouslyto a Textual Entailmentand Textual
Contradiction module which evaluateswhethera
particularextractedcommitmentis consistentwith
— or contradicts- somecommitmentstoredin the
systems availableKnowled@ Base(KB).

Outputfrom the systems Textual Entailmentand
Textual Contradictiormodulesarethenusedto both



updatethe existing KB andto selectsentencesor
inclusionin anupdatesummary

In our currentmodel,thesystem$ KB is assumed
to representhe setof commitmentghatareunique
to a speci ¢ setof documents.Commitmentshat
are not textually entailed— or aretextually contra-
dicted— by the KB are automaticallyaddedto the
KB aftereach‘round” of updatesummarization.

Judgmentdrom the RTE and RTC modulesare
sentto a Sentenceéelectionmodulein orderto re-
ranksentencebasedn the currentstateof the KB.
Sentenceseceve a positive scorefor eachcommit-
mentthey containthatis nottextually entailedby the
KB. Likewise,retrieved sentencethatcontaincom-
mitmentsthat are textually contradictedby a com-
mitment storedin the KB also receve a positve
score. Sentencesrethenre-ranled basedon these
judgmentsandare nally sentto a SummanGener
ationmodulefor assemblynto acoherensummary

In the rest of this section, we will briey de-
scribeeachof the componentsisedin creatingboth
guestion-focusedndupdate-basethulti-document
summaries.

2.1 QuestionDecomposition

As with our previous DUC systems(Lacatusuet
al., 2005;Lacatustet al., 2006),comple questions
wereinitially decomposebtothsyntacticallyandse-
mantically Details of the syntacticdecomposition
techniquesemplo/ed in GISTEXTER are given in
(Lacatustetal.,2005),while afull descriptiorof the
algorithmusedo semantically{decomposeguestions
is presentedn (Harabagiuet al., 2006a). Examples
of the syntacticand semanticdecompositiorof the
compl questionassociatedvith Topic 0716Dare
presentedn Tablel.

2.2 SentenceRetrieval

As with (Lacatusuet al., 2006), we usedboth a
guestion-answeringystemand a multi-document
summarizatiorsystemin orderto retrieve sentences
for eachof the subquestionglenti ed during ques-
tion decomposition.

2.2.1 QuestionAnswering

We used output from LCC's PALAN-
TIR (Harabagiuet al., 2005; Hickl et al., 2006a)
guestion-answeringsystem in order to retrieve

Describethe developmeniof Australia’s uranium
mine projectin its KakaduNationalPark andthe
protestsandobstaclegncountered.

Describethe developmentof Australia’s uranium
mine projectin its KakaduNationalPark.
Describethe protestencountered.

Describethe obstaclegncountered.

Whois opposeddy theareas traditionalowners?
Wheredoesthe uraniummining leasdie?
Whatwill beremoredby police?

Who placedit on alist of endangereavorld her
itagesites?

Whois still doing preparatorywork?

What was recognizedby the United Nations'
World HeritageBureau?

How muchdo they investin ne papermanufc-
turing?

Original

Syntactic

Semantia

Tablel: QuestionDecompositiongor DO716.

sentencesn responseo the factoid and comple
guestiongyeneratedluringquestiondecomposition.

GiveneachdecomposeduestionPALANTIR de-
terminedits expectedanswertype (EAT), which
may be complex (e.g. Describethe developmenbf
Australia's uraniummineprojectin its KakaduNa-
tional Park.) or relatvely simple(e.g. Whee does
the uranium mining leaselie?). For factoid ques-
tions, all entitieswithin thedocumensetthatmatch
the EAT were consideredas answersand ranked;
sentencethatcontainedhetop exactansweravere
consideredo be relevant for inclusionin a multi-
documentsummary For comple questions,ary
sentenceccurringin thetop 10ranked passagese-
trieved by PALANTIR for eachquestionwere con-
sideredo berelevant.

2.2.2 Multi-Document Summarization

GISTEXTER'S multi-documentsummarization-
basedsentenceetrieval engineuseskeywords ex-
tractedfrom eachdecomposeduestionin conjunc-
tion with topicaltermsandrelationscomputedrom
a setof documentsn orderto retrieve arelevantset
of sentencethatcanbeincludedin asummary

Keywords from the decomposedjuestionsvere
weighted using our question-answeringkeyword
extraction algorithm used in LCC's PALANTIR
(Harabagiwetal., 2005).Higherweightsweregiven
to propernouns,while lower weightsweregivento
commonwords. Stopwordsreceved a weight of
zero.

Keywordswereaugmentedvith Topic Signature
(TS;) terms(Lin and Hovy, 2000) and Enhanced



Topic Signature(TS,) terms (Harabagiu, 2004).
(Examplesof TS, termsarepresentedn Table2.)

A hill-climbing algorithmwasthenusedto deter
minethe relatve weight of keywordsandtopic sig-
natureterms. The following formulawasthenused
to scoreeachsentence:

x
(hi log(ki) + ht log(ti))
i=1

wheren is the numberof relevanttermsin the sen-
tence hy isthehill-climbedweightfor keywords,h;
is the hill-climbed weightfor topic signaturewords,
ki is the keyword weight for thei!" relevant term,
andt; is the topic signatureweightfor theit" rele-
vantterm.

Term Weight | Term Weight
uranium 491.99 | world 52.12
mine 433.69 | protester 48.91
australian 227.97 | value 47.30
ervironmental 157.36 | lease 44.48
park 134.09 | escarpment 44.36
kakadu 106.39 | oodplain 42.75
mining 82.71 | square 39.96
cultural 77.80 | danger 38.77
ore 76.89 | area 35.73
site 69.96 | report 35.08
government 66.37 | waterfll 34.90
endanger 59.16 | jabiluka 34.75
metric 52.25

Table 2: Top 25 Topic Signature(T S;) termsfor
QuestionD0716.

2.3 SentenceRanking

Oncea set of sentence$iad beenretrieved by the
Q/A andMDS systemswe useda coreferenceeso-
lution systembasecdbn (Luo etal., 2004)in orderto
identify a candidateantecederfor every instanceof
apronoun.Antecedentsvereinsertedn thetext im-

mediatelyfollowing the occurrencef a pronount)

Following coreferenceesolution redundang I-

teringwasperformedo increase¢hecoverageof rel-
evantinformationin the summary Sentencesvere
clusteredon their key termsusingk-NearesiNeigh-
borclusteringandcosinesimilarity. Fromeachclus-
ter, the sentencecontainingthe most information

1In orderto createsummarieshatwereshorterthanthe 250-
word maximumlength, pronounswveredroppedfrom the sum-
mary (leaving only theresohedantecedentivhentheirremoval
would bring the total length of the summaryunderthe word
limit.

waskeptfor sentencescoring. (Detailsof the clus-
teringmethodwe employ in GISTEXTER arefound
in (Lacatustetal., 2006).)

Eachsentenceetrievedby theQ/A andMDS sen-
tenceretrieval engineswasthenranked basedon a
numberof featuresincluding(1) therelevancescore
derved from the sentenceetrieval engine,(2) the
positionof thesentencén adocument(3) thelength
of the sentence(4) the numberof namedentities
or topical termsfound in the sentenceand (5) the
length of the documentthat the sentencewas ex-
tractedfrom. A nal scorewasdeterminedor each
sentenceaisingahill-climber similarto theoneused
in the multi-documentsummarizatiorsystem.Sen-
tencesverethenrankedaccordingo this nal score.

2.4 Summary Generation

After sentenceankingwasperformedthetop sen-
tenceswvereaddedio a candidatesummaryuntil the
maximumlength of the summarywasreached.In
order to ensurethe creationof summarieswhich
werelocally coherentwe useda hierarchicalclus-
teringalgorithmto re-ordersentencethatwereex-
pectedto containsimilar typesof information. An
example of one sentenceclusteridenti ed by this
mechanisnis presentedn Figure2.

Thecompary wantsto truck uraniumorefrom Jabilukato its

existing mine andplantat Rangerabout13 miles (20 kms)
away, for processing.

Thecompary saysts goodervironmentakecordattheexist-

ing Rangemine shaws the Jabilukaprojectposesothreat.
But the compary may beleft with nothingbut a holein the
ground,asit goesaheadwithout having formal approalsto

eitherbuild a processingplant or to truck ore to an estab-
lishedmill atits nearbyRangemine.

Figure 2: Cluster of locally-coherentsentences
(D0O716).

2.5 Machine Reading

When creating update summaries, ranked sets
of sentencemutputfrom GISTEXTER'S Sentence
Rankingmoduleare rst sentto a CommitmenEx-
tractionmodulewhich usesthe heuristicsidenti ed
in (Hickl andBenslegy, 2007)in orderto enumerate
subsebf thediscoursecommitmentsvailablefrom
eachsentencé

2Following (Gunlogson2001;Stalnaler, 1979),we assume
thata discoursecommitment(c) representsheary of thesetof

propositionghatcannecessarilype inferredto betrue, givena
corventionalreadingof atext passage.



Following (Hickl andBensleg, 2007;Hickl etal.,
2006b; Harabagiuet al., 2006b), we perform the
recognitionof textual entailmentandtextual contra-
diction usingtwo separateclassi ers that estimate
thelikelihoodthatatext commitmenis textually en-
tailed (or textually contradictedpy oneof thecom-
mitmentsstoredn thesystems availableknowledge
base.

Text commitmentsthat are entailedby the KB
areassumedo representknown” information;sen-
tencesthat contain entailed commitmentsare as-
signed a neggative weight during SentenceSelec-
tion. Whentext commitmentsare not entailedby
the KB, they areassumedo be “new” information
that is worthy of considerationin an updatesum-
mary; sentencethatcontaintheseentailedcommit-
mentsare assigned positive scoreat Sentencese-
lection,andthe commitmentis addedto the KB. In
contrasttext commitmentsvhich aretextually con-
tradictedby a KB commitmentareassumedo rep-
resent‘changed”information which shouldbe in-
cludedin an updatesummary; sentencegontain-
ing thesecommitmentsareassignea positive score
duringSentencé&electionandthe KB is updatedo
re ect thenew text commitment.

3 Discussionof Results

This sectionpresentsour systems resultsfrom the
DUC 2007Main TaskandUpdatePilot Task.

3.1 Main Task Results

The 2007 versionof GISTEXTER receved slightly
higher scoresfor all ve “content’-basedmet-
rics (Content Responsieness,Modi ed Pyramid,
ROUGE-2, ROUGE-SU4, and BE) than the very
similar systemthat participatedin the DUC 2006
evaluation.(Resultfrom DUC 2006andDUC 2007
submissiongrepresentedn Table3.)

While our DUC 2007 systemdid not emplq the
automaticpyramid creationtechniquesintroduced
in our DUC 2006 system(Lacatusuet al., 2006),
GISTEXTER's relianceon a batteryof questionde-
compositiorandtopic modelingtechnique€nabled
it to producesummarieghatwereamongthe most
responsie seenin this years evaluation. While
our systemrank dipped slightly for the Content
ResponsienessandModi ed Pyramidmetrics,the

DUC 2006 | DUC 2007

Metric Score| Rank| Score| Rank
ContentResponsieness 3.08 1 3.31 2
Modi ed Pyramid 021| 4 031| 5
ROUGE-2 0.08| 12 | 011 | 7
ROUGE-SU4 0.14| 15 | 016 7
BE 0.04| 11 | 0.06| 6
LQ1: Grammaticality 4.62 1 464 1
LQ2: Non-redundanc 460 | 5 389 | 6
LQ3: Referentiaklarity 371 | 4 409 | 1
LQ4: Focus 4.28 2 4.24 1
LQ5: Struct.andCoherence 3.28 | 2 369 | 1

Table3: DUC 2007Resultsfor theMain Task.

2007 versionof GISTEXTER receved higheraver
agescoresfor all ve contentmetricswhen com-
paredto its 2006counterpart.

ERA hasgovernmentappraoal to build auraniummineatits
Jabilukaleasewithin the park's boundariespeara uranium
mine it alreadyoperatesnsidethe park. Constructionbe-
gunoneweekagoat Jabiluka,a uraniummining leaselying
within the boundarieof KakaduNational Park. The Aus-
tralian governments environmentalreport on the Jabiluka
uraniummine (locatedin KakaduNatural Park), found the
areais not underthreatandattacled a UNESCOreportthat
saidKakaduNaturalParkwasin danger

Marny environmentalisthave beencalling on the Australian
governmenmotto apprae theuraniummining projectadja-
centto the park, but the governmentrejectedtheir erviron-
mentalconcernssayingjobs andexportincometo be gen-
eratedrom the mining projectis important.Australiancon-
senationistsandtraditionalaboriginalownersthreatenedo
blockadedevelopmentof the huge Jabilukauraniummine
in the country's vast KakaduNational Park. A high-level
United Nationsdelggation on Monday began touring Aus-
tralia's KakaduNational Park to examineclaimsa uranium
mine beingbuilt in the region threatenainiqueculturaland
ernvironmentalvalues. In a submissionto the U.N. team,
which is investigatingwhetherthe mine threatenghe envi-
ronmentalandculturalvaluesof Kakadu,the councilsaidit
wasparticularlyconcernedboutthe Malakunanja archae-
ologicalsite,just 1.2 miles (2 kilometers)from themineen-
trance.“The missionhasnotedsevereascertaineandpoten-
tial dangerdo the culturalandnaturalvaluesof the Kakadu
NationalPark, posedprimarily by the proposalfor uranium
mining andmilling at Jabilukd..

Figure 3: Summarygeneratedy GISTEXTER for
topic DO716.

Comparedto our resultsfrom DUC 2006, the
2007 versionof GISTEXTER receved higher lin-
guisticquality scoredor two dimensionsreferential
clarity (LQ3) and structureand coherencgLQ5);
two otherdimensionsgrammaticalityLQ1) andfo-
cus (LQ4) remainessentiallyunchangedwhile the
scoredor a fth dimensionnon-redundanc(LQ?2)
weremarkedly lower.



The SouthernPoverty Law Centeris suing Butler, hoping
to bankrupthim [Richard Girnt Butler] in a lawsuit for
unspeci edcivil damageded in Coeurd'Alene in January

The SouthernPoverty Law Centeris suingRichard Girnt
Butler, hopingto bankrupthim in alawsuit for unspeci ed
civil damagesed in Coeurd'Alene in January
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Arafat said Netanyahu doesnot want peaceor respectthe
signedagreementsddingthatNetanyahuhasadmittedthat
he ignoresthe Osloaccords.

(@)

(b)

Figure4: Exampleof the useof coreferencénformationin generatingsummariega) by GISTEXTER, and

(b) by ahuman.

Unlike our 2006 submission,we usedthe out-
put of an automaticcoreferenceaesolutionsystem
in orderto resole the antecedentsf all pronomi-
nal expressiongoundin the outputsummary While
this approachimproved the referential clarity of
our summarieswe believe that our inability to de-
terminewhich pronounsshouldbe resoled — and
whichshouldbeleft unresoled—wasacontrituting
factorin our reducednon-redundancscore(DUC
2006:4.60,DUC 2007:3.89).

As canbe seenin Figure 4, resolvingall of the
pronounsin a candidatesummaryoften resultedin
the creationof a text which featuredthe repeated
mentionof a name,a factorwhich we believe de-
gradedthe naturalnessof the summaryand con-
tributed to the perceptionthat similar kinds of in-
formationwerebeingrepeated¢hroughouthe sum-
mary.

3.2 Update Task Results

GISTEXTER obtained very competitve results
acrossall evaluationmetricsfor the DUC 2007 Up-
datePilot Task. (Resultsfrom this years task are
presentedn Table4.%)

GISTEXTER producedupdate summariesthat
wereconsistentljjudgedto be amongthe top three
performingsystemsregardlesof conditionor scor
ing metric. The graphillustratedin Figure 5 pro-
videsa comparisorof the performancef GI STEX -
TER with regard to the other systempatrticipating
in the DUC 2007 Update Task. The graph rep-
resentsthe sum of the ranksobtainedby the sys-
temsfor eachof thethreetypesof summariegsum-
mary A, B, or C); lower scoresindicatebettersys-

3The peerscoresare sortedbasedon the averageContent
Responsienesametric. R-2 and SU4 representhe ROUGE-2
andROUGE-SU4scoresrespectiely.

tem performance. Figure 5 shawvs that GISTEX-
TER was markedly betteron both ContentRespon-
sivenessand Modi ed Pyramidthanthe next near
est competitors(5 point differencebasedon Con-
tentResponsienessankings.and8 pointdifference
basebntheModi ed Pyramidrankings).Thesere-
sultssuggesthat forms of textual inference— such
astextual inferenceand textual contradiction— are
valuablein recognizingwheninformation canand
cannotbe inferredfrom previous documentcollec-
tions. They also point out a future wheresumma-
rization will dependon truly understandinghe se-
manticcontentof a text, andnotonly rely on statis-
tical approximation®f relevance.
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Figure5: Sumof SystemRanksfor summaries,
B, andC for bothContentResponsienessandMod-
i ed Pyramid.

As with our submissiorto the DUC 2007 Main
Task, we believe that GISTEXTER'S useof arele-
vancemodelbasedntheoutputof questiordecom-
position and topic representatiorsystemsenables
it to createhighly responsie summariesvhich are
alsorelevantto the overall topic of adocumentol-
lection. This enablesus to identify the mostrele-
vant snippetsof text thatarealsoimportantfor the

o
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41 |(0.14|0.24|0.08( 0.11|1.93|250(1.50(1.80(0.06( 0.10|0.03| 22 | 16|24 (22| 21 |13|24|22| 18 | 19 | 16
50 | 0.15| 0.10| 0.10| 0.25| 1.93| 2.00| 1.80| 2.00| 0.05| 0.09| 0.02| 21 (23| 20| 11| 21 |19(22|20| 21 | 21 | 22
35 |0.12| 0.13| 0.16| 0.08| 1.67| 1.80| 1.90| 1.30| 0.05| 0.08 | 0.02 | 23 (22| 14| 23| 23 | 23|18 24| 22 | 22 | 24
57 | 0.07]| 0.05| 0.10| 0.08| 1.67| 1.40| 1.90| 1.70| 0.04| 0.07 | 0.02| 24 | 24| 22| 24| 23 | 24|18 |23| 24| 24 | 23

Table4: UpdateTaskEvaluation.

main topic of the documents.While in a 250 word
summarythereis spacefor the potentialside-topics
presentin the document,a 100 word summary(as
requiredby the UpdateTask)hasspaceonly for in-
formationrelevantto the maintopic. It is interest-
ing to note that our averageContentResponsie-
nessscorefor the documentset A in the Update
Task (3.30) was almostthe sameas the scorewe
obtainedfor the maintask(3.31). This obseration
sustainsour previous conclusionthat GI STEXTER
rankshighesthemostsalientinformation,if wetake
into accountthe fact that while the summarysize
decreasedrom 250 to 100 words, the responsie-
nessscoreremainedunchanged.For documentset
A summarytherewasno needto Iter out “previ-
ously reported”information, as no documentshad
previously beenconsumedy thesystem.

For thesummariegieneratedrom documensets
B andC, the systemshadto disregardinformation
reportedin the previous documentets(in setA for
summariedrom B, andin setsA andB for sum-
mariesgeneratedrom set C). Our responsieness
scoresfor thesetwo sets, while still highly com-
petitive, were lower than the responsienessscore
for the summariesgeneratedor documentset A.
Thesummariegieneratedby GISTEXTER for topic
D0716D:"JabilukaUraniumMine” arepresentedh
Figure6.

4 Conclusions

This paperdemonstratechown state-of-the-arsys-
tems for recognizing forms of textual inference
couldbe usedin orderto generatecoherenupdates
thatmaximizethe amountof “new” informationin-
cludedin a x ed-lengthsummary While our DUC
2007 resultswere encouraging,it is importantto
notethatthe MachineReadingmechanisnwe have
introducedhererepresent®nly oneof the possible
ways that textual inferenceinformation can be in-
tegratedinto a multi-documentsummarizatiorsys-
tem. In future work, we plan to experimentwith
new modelsfor knowvledgeacquisitionwhich incor
porateadditionalforms of textual inference(includ-
ing temporalandmodel-baseihference)n orderto
generateipdatesummaries.
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